ABSTRACT The purpose of this paper is to construct a smart induction motor fault diagnosis system with cerebellar model articulation controller (CMAC). First, we divide induction motor faults in three kinds, rotor mandrel fault, bearing fault and electrical fault. Then, we subdivide them into ten types, in each of which the vibration signal spectra of induction motors were measured and sorted for establishing the individual fault types. From the information on motor faults, we identify representative characteristic frequency spectra for the faults to further establish the correlations between each of the fault types and its corresponding characteristic frequency spectrum as the basis for the development of a motor fault diagnosis system. In this paper, the theoretic basis is CMAC, and the data of vibration signal spectrum measured against the motor faults are used to train the fault diagnosis system. We then conducted fault diagnoses with the data of actual motor run. The test results demonstrated that the proposed induction motor fault diagnosis system is capable of fast algorithm, requires less data to train with, as well as has excellent power of identification.
I. INTRODUCTION
Motors play an arduous role in industries. Due to their high economic benefit and robustness, they are extensively employed in all sorts of production equipment. Thus, not only can the labor of maintenance and cost of repair be significantly saved but the factory productivity will be protected against accidental disruption if it is possible to identify the causes of motor faults and repair them as early as possible by means of monitoring apparatus and an automated diagnosis system when the faults show at an early time. Presently the conditions of motors are all determined by specialists' analysis of the vibration signals that have been taken on the motors with apparatus; the specialists further figure out the causes of such abnormal motor vibrations. The results of determination, however, can be very different because every specialist has different levels of knowledge and experience and may use different analytic methods. Besides, as technologies continuously make breakthrough and develop, production equipment is becoming larger and automated as well as consisted of complicated components, the conventional diagnosing methods cannot be useful any more.
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There are faults during the operation of automated equipment, of which motor faults are the worst. In general, motors with faults are not just the problem of the mechanical structure of the motors themselves; they sometimes have faults as a result of their operation. Hence, how to accurately discern whether a motor has faults and the causes of such faults is an issue worth investigating. So far, motor faults have been determined by measuring certain signals on the motors using apparatus as data gathered at time of fault for specialists to identify the causes of such faults. Long ago, motor faults were diagnosed by displaying the messages that were measured with apparatus in numeric or waveform, by which results one could easily and quickly know a fault(s) has/have happened. Yet, it needed workers on site to further study those messages based on their experience to identify the types of faults before repair or replacement was made. Such conventional fault diagnosis, however, is liable to lead to incorrect determination of where the fault is, which causes undesired waste of effort and time on service and replacement [1] - [3] . Hence, new diagnosis techniques to locate the positions of system faults is a direction deserving probing. Presently, researchers have put a lot of effort in quest for such techniques [4] - [7] ; for instance, an attempt to employ algorithms of artificial intelligence [4] in motor fault diagnoses, which method can enhance the efficiency of motor fault diagnoses, helping save effort and time. Other researchers applied methods of neural network (NN) [5] - [7] to create fault diagnosis system, which uses the weighting value connecting neurons to do algorithms to, in turn, determine the types of faults. That is a method capable of making faster diagnoses though, it requires a lot of data to learn with [8] - [12] . There are other algorithms used in the study of motor fault diagnoses; examples are the neuralfuzzy [1] and the approximate reasoning [3] . The former is used in a method that does not require a mathematical model built for motors, but simply builds a fault diagnosis system based on the correlations between inputs and outputs; yet, the algorithm it uses takes longer time to arrive at optimal solutions and makes only one single record in data recognition. The latter is used in a diagnosis method that does simple calculations and is easily realized, however, has a drawback of misdiagnosis when the article under diagnosis has differences with insignificant characteristics. The study in [13] can successfully diagnose three motor fault diagnosis types, namely abnormal air-gap eccentricity, bearing failure, and broken rotor bar by using motor stator current power spectrum. Nevertheless, these motor fault diagnoses cannot clearly identify the exact fault position. Hilbert and Wavelet Transforms and Knowledge Extraction methods [14] - [16] using data mining technique have been applied to convert time-frequency plots into frequency-amplitude plots, and then with the genetic algorithm selected the fault characteristics and diagnoses motor fault types. However, it can diagnose only six motor fault types.
An intelligent fault diagnosis of three-phase induction motors using a signal-based method was proposed in [17] . This technique was tested in different situations to demonstrate its effectiveness in fault diagnoses, even when the information about operating modes is limited or difficult to obtain. However, the obtained results proved the efficiency of the proposed method covers not more than the diagnosis of broken bars and bearing failure. Additionally, to accurately diagnose motor faults, such as broken bars, mixed eccentricity, and shaft bearing fault, the characteristic spectra of motor vibration signals and stator current have been obtained in [18] - [23] . However, other motor fault types demonstrating the same fault characteristic spectra still exist, but with different amplitudes, thus resulting in the false detection of a motor fault type during motor fault diagnosis.
Because CMAC has the ability to associate and summarize and has the characteristics of having similar memory stimulated by similarity input signals, the classification of learning materials has a higher accuracy than that of other methods. In addition, the test data, according to its similarity with the specific fault characteristics, can output the most probable type of fault by CMAC automatically, and because of its high anti-noise interference, it has a good robustness in the system fault diagnosis. Moreover, because CMAC uses less memory and has a fast learning speed and fault tolerance, there have been cases of its successful application on the equipment fault diagnosis of photovoltaic power generation systems [24] and power systems [25] . However, it has not yet been applied to motor fault diagnosis. Therefore, this paper presents a smart technique of fault diagnosis built using CMAC. This technique not only allows workers on site to locate the positions of fault in less time, speeding up the service, but also allows the specialists on site to determine the length of period of system downtime based on the messages obtained from the fault diagnosis, thus increasing overall economic benefit.
II. ANALYSIS OF MOTOR FAULT TYPES AND FREQUENCY SPECTRUM CHARACTERISTICS
Ten common motor faults can be roughly divided in the types of rotor mandrel fault, bearing fault and electrical fault [1] - [3] . The causes of rotor mandrel faults include the characteristics of rotor unbalance, rotor bending, rotor misalignment and rotor looseness. When each of these specific faults occurs, a characteristic frequency spectrum for the motor vibration is picked up by the frequency spectrum analyzer, as Table 1 shows. Of the four characteristics, rotor unbalance relates to a characteristic frequency spectrum that occurs at 1 times the frequency of rotor speed, represented by 1X , the same applies to other frequency spectra. With rotor bending, the picked-up frequency spectra are at 1X , 2X and 3X , where a highest peak appears at 1X , with peaks of frequency spectrum decreasing from 1X to 3X . As with rotor misalignment, the characteristic frequency spectrum for 2X has the highest peak, among those for 1X , 3X and 4X , where that for 4X has the lowest peak. As to the frequency spectra exhibited with rotor looseness, while a greater peak of frequency spectrum appears at 1X , there are other multiple frequencies like 0.5X , 1.5X , 2X , 2.5X and 3X , of which the integer multiple frequency spectra have more obvious peaks that show a sign of decreasing with the integer.
Faults in the motor's bearing assembly are oil-film bearing fault and ball bearing fault; this paper focuses more on the latter. In a motor with a bearing structure being of ball bearing, a fault can fall in any of the following: inner ring damage, outer ring damage and ball damage, the characteristic frequency spectra of which are listed in Table 1 . When an inner ring damage occurs, the frequency clusters that arise can be expressed by [4] , [5] 
where f in is the frequency noticed when the ball passes the starting point of the inner ring, f ω the bearing rotational frequency, M the number of balls, d the ball diameter, D the bearing node-path, and α the contact angle. The frequency spectra for the faults due to outer ring damage are, as can be found in Table 1 , similar to those from inner ring damage; both appear in the form of frequency cluster. Thus, the positions of frequency clusters for outer ring VOLUME 7, 2019 damage can also be expressed by [4] , [5] 
where f out stands for the frequency when the ball passes the starting point of outer ring, and f cage the revolution frequency of the ball. The positions of the characteristic frequency spectrum due to ball damage can be expressed, via the mathematical model, by [1] , [2] 
In (6) and (7), f roller stands for the frequency when the ball passes outer ring or inner ring. In addition, if the electromagnetic force is unevenly distributed during motor run, that would cause electrical fault, where the electromagnetic force is generated when there is current and gone immediately when the power is disconnected. Unevenly distribution of electromagnetic force is caused by the factors of air gap unbalance, rotor bar break, phase unbalance, and so on. Characteristic frequency spectra in such cases are shown in Table 1 . The fault frequency spectra in the case of air gap unbalance stand out at 1X (i.e., equal to the frequency of rotation) and 2f L , and each is accompanied by a sideband frequency whose frequency distance is f p . f L is the frequency of power source, and f p is the pole passing frequency, expressed as [1] , [2] f p = P × f s (8) In (8), P stands for the number of pole of rotor, f s for slip frequency which can be expressed by
where N r is rotor speed, and N s is synchronous speed, mathematically expressed by
The characteristic frequency spectra for the fault in the case of rotor bar break show value at 1X and 2X , while other frequency spectra also appear at the main frequency of f b and at a sideband frequency whose frequency distance is N r . f b stands for rotor bar passing frequency, mathematically expressed by
In (11), B stands for the number of rotor bars. As to the characteristic frequency spectrum in the case of phase unbalance fault, the frequency spectrum at 6f L (i.e., 6 times the frequency of power source) has a higher peak, another is seen on the 1 times rotation speed frequency. 
III. CEREBELLAR MODEL ARTICULATION CONTROLLER
Cerebellar model articulation controller (CMAC), was first proposed by Ablus in 1970 [26] , who hoped to imitate the neural structure of human cerebellum to achieve the feature of fast learning and prompt response. A CMAC activates related memories based on the input signals received in different sizes, where similar input signals activate similar memories. Instead of any algorithmic framework of multiple layers of memories in the entire neural network, memory cells are used to store mapping between input signals and output signals. Though the capacity of the memories may be huge, each input signal can excite only a small group of memories and not all the memories are used. That resembles the structure of human cerebellum, which has a huge capacity of memory but uses only a small portion of them for any specific input signal. In a memory structure of cerebellar model articulation controller as Fig. 1 shows, each memory address stores a weighting value, w. When a signal is inputted, it is quantized, coded, and a combination of addresses is excited to a set of memory addresses. With the weighting value of such excited set of memory addresses summed up, the output can be mapped by the input signals of this set. Compare such output value with the ideal one for the value of difference, and evenly distribute the difference to this excited set of memory addresses as tuning to complete the training of a record of data. Like other neural networks, CMAC comprises a training phase and a diagnostic recognition phase [27] . We will begin by elaborating on the training phase. The steps of a CMAC training are as Fig. 2 shows.
A. QUANTIZATION
In order to successfully code the analog signals inputted, it is necessary to begin with signal quantization. In concept, this quantization is in fact the same as what an average analogto-digital IC does. The conversion executed can be expressed by (12) . (12) where, x is the input to be quantized, Q max the maximum level of quantization, ceil( · ) the command of choosing a greatest integer, and [x min , x max ] the minimum and maximum of the training samples. Divide each input into several equally spaced quantized levels between the maximum and the minimum. The quantized levels of higher definition result in finer quantization coding, but require larger memory spaces [24] .
B. CODING THE EXCITED ADDRESSES
The resultant values from quantization will be coded. Assume a set of input signals is quantized into the levels of (5, 10, 8, 12) . Make binary coding of such levels into 0101 b , 1010 b , 1000 b , 1100 b , which are combined into a 16-bit code, 1100100010100101 b . Segment the above mentioned resultant codes in groups of, say, 3 bits. Thus, there will be six groups, which are coded in the order from the least significant bit (LSB) to the most significant bit (MSB), and excite six addresses, namely, a 1 Let these decimal values correspond to memory spaces. Assume the initial weights of the memories are all 0; then, the sum of the memory weights in the first excitement is 0.
C. WEIGHT ADJUSTMENT
Assume the sum output for a fault type has a weight at 1; that means this datum is classified as this fault type. Whilst, when the weight for a sum of memories is not 1, it should be adjusted. Weight adjustments are as (13) shows [25] , [28] .
where a i is the address of an excited memory, and β the training constant, whose value is somewhere between 0 and 1. Assume any fault type has only one set of training samples. Then, we can just let β be 1. 
E. CONVERGENCE
The framework of CMAC includes a training method with monitoring and its convergence has been demonstrated in documents [29] . As it uses coding, the CMAC proposed herein is able to significantly reduce the use of memories. Also, because no other coding principles are used to compress the rate of memory use, the weights of memories do not collide in the course of training, which helps ensure the convergence of training.
F. ASSESSMENT OF LEARNING EFFECT
When the ith (i = 1, 2, 3, . . .) layer inside a memory is excited, the weights in the memory addresses are summed up. If the output sum approximates or is equal to 1, that means the datum falls in the ith output type. If the count of data in the ith output type is d, the learning effect, E, is evaluated by an index
To determine whether the learning is complete, check if E < ε is met for assessing the learning effect, where ε is the parameter for convergence. When E < ε is satisfied, the CMAC training can be stopped.
IV. MEASUREMENT OF INDUCTION MOTOR FAULT SIGNALS
The framework of the motor fault diagnosis system probed herein adopts the CMAC, and includes tests, whereby the excellent performance of CMAC's application in fault diagnoses is compared. In the test, a frequency spectrum analyzer is used to measure motor vibration signals, which will be subjected to Fast Fourier Transform (FFT) to become frequency domain signals for extracting the data necessary for fault diagnosis. Then, based on the data of motor fault detection in the tests, the relationship between motor fault categories and characteristics is established as the basis for the data for training by CMAC fault diagnosis. 
A. ESTABLISMMENT OF MOTOR FAULT TYPE-CHARACTERISTICS RELATIONSHIP
Motor faults are diagnosed for types based on the fault types and their corresponding characteristic frequency spectrum peaks that are given in Table 1 . As such, to be able to promptly diagnose a fault type when a motor fault occurs, it is necessary to establish in advance the relationship between motor fault types and their corresponding characteristics. We sorted the causes of motor faults into ten types and give them codes in Table 2 . The classification of the motor fault categories used in this paper and the distribution of the characteristic frequency spectrum of vibration signals generated by the different fault categories are classified according to references [1] - [3] . Therefore, MF 01 to MF 10 in Table 2 represent the code names of various fault categories of the motor, and C 01 to C 16 in Table 3 represent the code names of the spectral values at the respective frequencies when the motor has different faults. The spectral values of the specific frequencies under different faults will be different or even non-existent. Therefore, based on the existence of the values and the values of C 01 to C 16 , the MF 01 to MF 10 fault categories can be accurately determined with the CMAC method proposed in the paper. In the Table 3 , C 01 to C 10 represent the characteristic frequency spectra of motor rotor faults, C 11 to C 13 represent those of motor bearing damages, and C 14 to C 16 represent those of motor electrical faults.
B. MEASURED EQUIPMENT OF CHARACTERISTIC FREQUENCY SPECTRUM
A vibration analyzer, having sensors, transforms the physical quantities of mechanical vibration (displacement, speed, acceleration) into voltage, electric charges and current signals; the signals are then amplified by amplifiers and undergo frequency spectrum analysis by the Fast Fourier Transform, FFT. The apparatus comprises a vibration meter, a spectrum analyzer, a balance instrument and a vibration transducer, and transforms, with FFT frequency spectrum analysis, complex time domain waveforms into frequency spectra in order to better understand the causes of vibrations. The spectra analyzer, as shown in Fig. 3 with its related ancillary devices used herein, uses the frequency of 60Hz (1.8k=1,800 RPM) as the 1X frequency benchmark and is capable of displaying frequency spectra of 0.5X , 1X , 1.5X ,2X , 2.5X , 3X , 3.5X , 4X , 4.5X , 5X , 5.5X , 6X and 6.5X in the screen [30] .
C. TEST OF NORMAL MOTOR SIGNALS
We began with a brand new, normal motor that is within tolerance as the benchmark for frequency spectrum tests, allowing comparison of the vibration frequency spectra measured in ten types of motor faults. The motor was powered by the 60Hz grid, which was equivalent to the motor's synchronous speed at 1.8k RPM. Fig. 4 shows the vibration frequency spectra measured on the motor. It is observed that the frequency of 0.5X appears at 0.9k in the X-axis, that of 1X at 1.8k, that of 2X at 3.6k; the same applies to the rest. It becomes obvious from the spectrum that in normal motor run, its vibration frequencies exhibit outstanding signals at 1X , 2X , 3.5X and 4X . Comparing these with the ten fault types in Table 1 , we discovered that this motor had minor rotor unbalance, rotor bending, phase unbalance and looseness, except that these were all within the range of tolerance [30] .
D. TEST OF FAULT MOTOR SIGNALS
Due to limitation of an article, only test results of the bending signals in motor rotor mandrel fault, inner ring damage signals in motor bearing fault and rotor bar break signals in motor electrical faults are shown herein. 1) Test of rotor bending signals in motor rotor mandrel fault: The fault type of ''rotor bending'' generally gives rise to apparent axial vibration, and on the same rotational axis, the axial vibrations are 180 degree out of phase. If the bent portion is near the middle of the shaft, then the frequency at 1X will be the main frequency. However, if the bent portion is near the shaft coupling, the vibration is primarily the frequency at 2X . Fig. 6 shows its vibration spectrum, where obviously the value of 1X , 2X , 3X , 4X , 5X , 5.5X and 6X frequencies stand out. From Fig. 5 it can be observed that the value of the main frequency at 1X rises, so does that at 2X . Compared with the ten fault types in the Table 1 , it is certain that this is of the ''rotor bending'' type, which also may lead to phase unbalance at 4X frequency and would cause axial vibration at 5X frequency and radial vibration at 6X frequency [30] . 2) Test of inner ring damage signals in motor bearing fault: The fault type of ''inner ring damage'' is characterized by beginning to show natural frequency of bearing ball elements, mf in , possible natural frequency of bearing structure, 2f in , and the frequency of ball passing the starting point of inner ring on both ends, f ω , all due to the bearing damage. When the wearing increases, more damage frequencies and harmonics and sideband frequencies of natural frequencies grow with it. The 1f in frequency could be affected, too, such that its amplitude becomes unusually large. As Fig. 6 shows, obviously in the spectrum, the frequencies at 1X , 2X , 3X , 5X , and 6X stand out. Compared with the ten fault types in Table 1 , we can be more certain that this is an ''inner ring damage'', which is also accompanied by ball spin-caused axial vibration at 5X frequency and radial vibration at 6X frequency, leading to the motor's structural vibration [30] . The dominant natural frequency spectrum is in Fig. 6 , as for sideband frequencies of the natural frequencies due to damage is not enough, so it is not obvious. 3) Test of rotor bar break signals in motor electrical fault: The fault type of ''rotor bar break'' features the structural natural frequencies between the motor stator coils and the rotor that are caused by uneven distribution of electromagnetic force during motor run. Electromagnetic force is created when the motor is energized and disappears on the instant the power is disconnected. Besides the frequency spectra at 1X and 2X frequencies showing numbers, the frequency spectrum of main frequency at f b and the sideband frequency with sideband frequency distance at N r are also seen. Fig. 7 shows that in spectrum obviously the frequency spectra at 1X , 2X , 4X and 5X stand out. When comparing with the ten fault types in Table 1 , we can be more certain that this is of the ''rotor bar break'' type, where vibrations also occur due to phase unbalance during ball spin, which causes 4X frequency, and axial vibration a 5X and harmonics at 5.5X frequency [30] .
V. MOTOR FAULT DIAGNOSIS TEST RESULTS

A. TRAINING PROCESS OF CMAC MODE
The training process of CMAC model proposed herein is as Fig. 2 shows. To begin with, for training data of the CMAC model, use ten vibration frequency spectrum signals (a total of 100 data) of each of the ten fault types, which are rotor unbalance, rotor bending, rotor misalignment, rotor looseness, inner ring damage, outer ring damage, ball damage, air gap unbalance, rotor bar break and phase unbalance that happened to the induction motor measured in Section IV. Establish the parameters for CMAC model, including quantity of input signal, size of quantization levels, number of bits for segmenting excited memory address, and types of output signal. With characteristic frequency spectrums captured when the induction motor has a different fault type as the training data samples in the CMAC model, quantize these samples, subject them to binary coding, segment the excited memory addresses and excite memory addresses, followed by summing up the weightings in the excited memory addresses to determine the output value of each fault type. Then compare the output value with the target value (y d = 1) to adjust the weighting in the excited memory addresses. Check and ensure all the data samples of characteristic frequency spectrums for the fault types of the induction motor have undergone training by loading each and every of them in the CMAC model for training. When the training is finished, assess the learning effect. If for learning effect, E < rate of convergence, ε, holds, save the weighting in the excited memory addresses, completing the CMAC model training. The algorithmic process is described as follows: 1) Gather the characteristic frequency spectrums measured on the different fault types of the induction motor. 2) Input these characteristic frequency spectrums in the CMAC system for training. 3) Subject these characteristic frequency spectrums to quantization and binary coding, segment the excited memory addresses and excite memory addresses, and tuning the weighting in the excited memory addresses. 4) Sort all the characteristic frequency spectrums for induction motor fault types to complete the training of CMAC induction motor fault diagnosis system.
B. DIAGNOSIS PROCESS OF CMAC MODE
The process of fault diagnosis for induction motor by CMAC proposed herein is as follows:
Step1: Initialize the related parameters, as Table 4 shows. Quantize the input signals, which are the characteristic frequency spectra for the 16 vibration signals during motor faults listed in Table 3 . Step2: Convert the quantized value by binary coding and recombine them. Group the combined codes. Herein, 4 bits of code are a group; there are four groups. Step3: Locate the memory addresses corresponded by the grouped coding; sum up the weighting in such memories. The memory space used herein is of 10 layers; hence, 10 layers of memory of a same address are excited, resulting in 10 outputs. Step4: Determine the weighting of the 10 outputs. When the weighting is larger and closer to 1, that implies a higher probability of such fault occurring.
C. DIAGNOSTIC RESULTS
The CMAC algorithm and identification process in Fig. 2 were employed, and the ten fault types often seen on induction motors listed in Table 2 and the characteristic frequency spectra for 16 types of faults in Table 3 were taken as the basis. A total of 100 vibration signal frequency spectra measured in the ten motor fault types were used as data of learning VOLUME 7, 2019 in the training, to further establish an induction motor fault diagnosis system by CMAC. With such diagnosis system built with CMAC, we put the 20 data of characteristic frequency spectra measured on the motor fault signals listed in Table 5 to the test by the fault diagnosis process in Section V. B. It can be observed from Table 6 that the fault category of each fault test data can be correctly identified. Taking the 10th test data in Table 5 for example, the known fault category is MF 05 (inner ring damage), and from the result of identification in Table 6 its weighting value of 1.0011 in the fault category MF 05 is the highest among all the fault categories. Therefore it can be judged to be in the MF 05 fault category. The weighting value of 0.5451 in the fault category MF 04 (rotor looseness) is the lowest, so its probability of being in the MF 04 fault category is the lowest. The test results are as Table 6 shows, which reveal that the proposed motor fault diagnostic technique was capable of 100% accurately identifying the fault types of these data, which verified the effectiveness of the proposed motor fault diagnostic system. The fault diagnosis accuracy of this paper is defined as n/N , where N is the total number of test data and n is the correct number of fault diagnosis.
To further demonstrate the effectiveness of the proposed motor fault diagnosis based on CMAC, we compared the diagnostic results by this method and by other neural network systems [7] in Table 7 . In addition, other than a comparison with the multilayer perceptron (MLP) method on the fault diagnosis performance, a comparison with the fuzzy neural network (FNN) [1] and the extension theory (ET) [3] is added to highlight the superiority of the proposed fault diagnosis method. The results of the comparison are also shown in Table 7 . The table reveals that our proposed method has less training time and higher accuracy than conventional multilayer perceptron (MLP) method with different perceptrons, fuzzy neural network and extension theory, demonstrating its excellence. The parameters of the FNN [1] and ET [3] are based on the best parameters chosen by the authors, so it is fair to make a comparison.
When the same category of faults occurs to the same type of motors with different capacities, the characteristic frequency spectrum of vibration signals generated have the same location, and only the characteristic frequency spectral values will be different. In addition, because CMAC has a training process, and the training data is the characteristic frequency spectrum of vibration signals extracted from the different fault categories of the motor, the proposed fault diagnosis method can be applied to motors with different capacities.
In addition, since the induction motor has the same electrical characteristics of Brushless DC (BLDC) motor, the proposed method is also applicable to the diagnosis of an electrical fault in BLDC motor. However, because the mechanical structure of the two is not the same, the proposed method does not apply to the fault diagnosis of BLDC motor under a mechanical failure. That being said, if the characteristic frequency spectrum of vibration signals of BLDC motor is reanalyzed under various mechanical failures, and if it is used as training data for CMAC, then the proposed method can also be applied to the diagnosis of various types of faults in BLDC motor.
VI. CONCLUSIONS
This paper constructs a motor fault diagnosis model with the algorithm of CMAC, which is capable of nonlinear mapping. Also CMAC has good learning effect and the ability of associative memory and induction. Therefore, it can result in ideal outputs without precise mathematic models or related specialized knowledge. Also, having the feature of exciting similar memory addresses based on similar input signals, CMAC includes the tuning of weighting in the excited memory addresses during the course of training. Thus, it takes less time for training. The fault diagnosis system quantifies and segments the input signals, hence the fault tolerant ability of the motor fault diagnosis is enhanced. Last, the actual diagnostic results demonstrated that the proposed motor fault diagnosis system has 100% accuracy in identification. Furthermore, since the smart motor fault diagnosis system is developed fast and highly accurate, it can be applied in, and well technically transferred to, the motor manufacturing industry. Once used as quality control testing in automated production lines, it will be able to help save human power and avoid flaw rates that would otherwise be caused by human factors in testing. Moreover, this fast and highly accurate smart motor fault diagnosis system developed herein can also be applied in the monitoring the operating condition of the trains in high speed rail or subway to prevent service problem in mass transit systems caused by deterioration of driving motors. YU-CHENG TSENG received the B.S. degree in electrical engineering from the National Chin-Yi University of Technology, Taichung, Taiwan, in 2013, where he is currently pursuing the master's degree. His research interests include motor fault diagnosis, motor control, energy storage, and the application of cerebellar model articulation controller.
